Introduction
Wind turbines extract kinetic energy from moving air, converting it into mechanical energy via the turbine rotor and then into electrical energy through the generator: where the mechanical output power (P) is a function of the performance coefficient of the turbine c p , the density of air (ρ), the area swept by the turbine projected in the direction of the wind (A) and wind-speed (u). In the conversion of mechanical energy into usable electricity, aerodynamic conversion losses are high. According to the Betz limit, the maximum possible conversion coefficient of a wind rotor is 59.3%. However, in practice losses due to (aerofoil) blade roughness, wake effects, hub loss and tip losses reduce the efficiency considerably.
If the wind is unsteady the energy conversion capability of the turbine is further degraded.
There are many challenges to incorporating wind generation into urban areas. In considering where these technologies are likely to be installed, little is known of the wind resource in these environments and due to the very rough and heterogeneous landscapes, turbines close to the urban surface will experience site-specific, localised turbulence. Some researchers have employed computational fluid dynamic modelling to ascertain the potential of building mounted turbines [1] [2] [3] . These works demonstrates the significance of turbine position and mounting height vis-a-vis the building, such that small changes in location can have dramatic effects on the power generated. Such analyses is very (computationally) resource intensive and validation of results is very difficult to achieve. A number of studies have indicated that turbines installed in urban environments are subject to turbulence. These installations appear to underperform when compared to installations in non-turbulent environments. For example, both the Warwick Field trials [4] and the Energy Savings Trust monitoring programme [5] , concluded that problems such as the development of localised turbulence could reduce generation output considerably. The Energy Savings Trust monitoring programme found that turbine outputs in urban locations corresponded to a load factor of less than 3%. Vertical Axis Wind Turbines (VAWT) have been shown to be less affected by turbulent wind streams and it is deduced that this is due to the fact that there is no yawing mechanism associated with these turbines (i.e. turbines do not have to turn to face the wind). However they are still subjected to pulsating wind speeds due to eddies/gusts etc.
In contrast, there is significant research assessing the wind energy resource in 'rural' locations around the world [6] [7] [8] [9] [10] , and in some research [9, 10] , this work has been extended to apply to the potential for wind energy conversion systems. Notwithstanding the issues in urban environments however, if a renewable solution to increasing energy demand is to be achieved, wind energy -especially where civil populations are increasingly concentrated -must be explored.
The objective of this paper is to establish a simple means by which the effect on electrical power output of a wind turbine in a turbulent environment can be established. While wind turbine productivity is also affected by mechanical constraints such as how quickly the turbine can react to changing wind directions, for the purpose of this paper, the electrical considerations are prioritised. Two mathematical models are proposed that respectively utilise Gaussian statistics and the Weibull distribution to accurately model the consequences on turbine productivity within turbulent environments. These models are facilitated through look-up table(s) that describe the turbulence affected turbine electrical power in terms of wind speed and calculated TI. In this way, turbine output on the basis of mean wind speed and standard deviation over an observation period (10 minutes) is possible; both of which are standard parameters within the measurement spectrum of practical wind turbines.
These models are tested at two locations within Dublin City, Ireland that are characterised as sub-urban and urban At both locations, high resolution (sonic) anemometry samples the wind resource at 10Hz at a height of about 1.5 times the average building height. As these sites are selected as being representative of a specific urban landscape, the paper uses the analysis as a basis for discussion considering how surface roughness might be linked to the models developed.
The Urban Wind Resource and Energy Harnessing in a Turbulent Context
Urban wind regimes are characterised as having low wind speeds with more turbulent flow that results in limited energy realisation. Air flowing across an urban area will interact with the underlying urban subtype and become affected by its characteristics. The dominant process in the lower atmosphere is convection. The type of convective activity, as described in Oke's work on boundary layer climatology, is influenced by the vertical temperature structure as expressed by stability [11] . There are three classifications used: unstable, stable and neutral. As a consequence of heat output from the city, urban climates tend to be more unstable than neutral [12] . However, as discussed in [13] for the sites considered in this research, it was ascertained that at Dublin Airport (circa 10km from Dublin city centre), 86% of data for the period November 2010 to December 2011
were classified as D, according to the Pasquill-Gifford stability index. When one also considers the propensity for strong winds across Dublin city, one can assume a neutral atmosphere at both sites considered here, where the majority of turbulent air flow is manifested mechanically. This position is consistent with the research carried out by Metzger and McKeon [14] where they demonstrate that in neutral environments, surface roughness dominates turbulence production. The authors further suggest that in the consideration of wind flow and turbulence, the wind resource is dependent on the mechanical effects of surface roughness.
Within rural environments, the log wind profile (2) is commonly employed as a means of estimating the wind
where, 0 z is the roughness length and d z is the displacement height; the roughness length is a measure of the drag exerted on the wind by the underlying surface -higher values indicating more drag. The displacement
is the effective zero wind speed height. In this way, this "effective ground level" is not the base of the buildings but some point within the vertical plane of the urban canopy and represents the level at which the log relationship might produce zero wind, whereas, varying d z changes the effective origin from which height is measured. The frictional velocity ( * u ) is a measure of the shearing stress that drives the flux of momentum to the Earth's surface. This relationship (illustrated in Figure 1 ) describes wind-speed in the direction of airflow within a boundary layer where airflow has adjusted to the underlying surface. It is properly applied to extensive homogeneous surfaces (such as grass) under neutral atmospheric conditions and is valid under these circumstances to heights (
), where 0 z the displacement height identifies the level of the aerodynamic surface where ) (z u goes to zero. However, as [13] , which considered the same sites presented in this paper illustrated, (2) is not applicable below z*, the wake diffusion height In urban environments, a distinct roughness sub-layer (RSL) between the mean building height ( Hm z ) and the wake diffusion height (z*) is created and within the RSL, the logarithmic profile (2) is no longer applicable.
From a wind resource perspective topography, the building morphology and the roughness length of the urban surface, 0 z , are the significant parameters to be considered when assessing the turbulent structure of air masses [14] [15] [16] . The factitious nature of the urban topography is discussed by Fernando in [17] and fluid dynamic analyses performed in [18] describes the complexity associated with the urban topography as being the rule governing the wind resource. Indeed, this work further describes how the flow through urban RSL is highly sensitive to building morphology. An attempt to categorise types of urban 'neighbourhoods' in terms of their significant climatic effects on the overlying atmosphere is made by Stewart and Oke in which led towards a local zone classification system [19] . This 'zone' classification was employed in the positioning of the anemometry employed in this research (further described in section 3.1). In terms of the analysis presented in this paper, the anemometry at the respective locations is installed at the boundary between the RSL and the inertial sub-layer (ISL). With increased height into the ISL, the effects of the individual surface types are 'blended' and momentum and turbulence fluxes are constant with height. So the anemometry employed in this research is ideally positioned to consider turbulence.
Research has shown that the lower mean speeds are linked to the higher surface roughness lengths 0 z prevalent in urban environments [16, 20] . The manifestation of turbulence however, is less well understood. Turbulent flows can be described as those in which the fluid velocity varies significantly and irregularly in both position and time [21] . While turbulently fluctuating flow impacts directly on the design of wind turbines, they also influence the productivity of power within the turbines -particularly in areas of complex morphologies.
Turbulence Intensity (TI) is the most common metric to explain the turbulent effect as it is generally more useful to develop descriptions of turbulence in terms of statistical properties [22] . TI is defined in [23] as "the ratio of wind speed standard deviation to the mean wind speed, determined from the same set of measured data samples of wind speed, and taken over a specified time" and should actually be considered as the standard deviation of the wind speed u normalised with the mean wind speed u (3).
(3)
The complex morphology experienced in an urban environment results in a modified flow and turbulence structure in the urban atmosphere in contrast to the flow over 'ideal or homogenous' surfaces [24] . Mertens [25] proposes that TI can be linked to the surface roughness parameter in (3). This equation, (4) , is predicated on z (the observation height) being greater than the wake diffusion height (z*), which is above the surface roughness sub-layer and into the inertial sub-layer ( Figure 1 ). Equation (4) further suggests that there will be an increasing level of turbulence with increasing roughness and decreasing height relative to the earth's surface.
With respect to the impact on the power output of wind turbines subjected to turbulence, the majority of the available research considers utility scale systems with capacities in the MW ranges [26] [27] [28] [29] . Cochran, [30] , considered empirically linking surface roughness and the power law wind shear coefficient to turbulence manifestation. Cochran further presented a description for turbulence intensity within the lower portion of atmospheric boundary layer also based on surface roughness. His conclusions were that the (kinetic) energy available at the turbine hub height can vary by as much as 20% depending on the level of TI present at a site. In [27] [28] [29] , the effect turbulence intensity has on the power curve of a turbine is that high TI exaggerates the potential output power from a turbine at moderate wind speeds (cut-in), whereas low TI undermines the potential output power at rated wind speed. Lubitz [31] , considered the influence of turbulence on energy production from a Bergey XL.1 (small wind turbine). His 1Hz observations were also in agreement with [27] [28] [29] . More specifically, his analysis found that low TI consistently results in reduced power output (-2%) between 4m/s and 7m/s, whereas high TI contributes to increased power output (up to +4%), over the same speed range. Available studies utilise measured data to provide a description of the turbulent effect and these studies are often in rural locations. However, in urban environments, unbiased high resolution wind data is difficult to acquire for wind speeds -and similarly, reliable and unbiased data for wind turbines (vis-à-vis localised building morphologies) in such environments is practically non-existent.
IEC 61400-2
The design requirements for small wind turbines in urban environments are defined by IEC 61400-2 [23] . The standard considers four different small wind turbine classes (SWT) classes (I-IV), which describe the external conditions at various sites. These external conditions relate to wind conditions as being normal or extreme.
Normal wind conditions are the dominant experiences during the operation of the SWT. Turbulence and turbulence intensity in the standard is described in terms of a Normal Turbulence Model (NTM) and is utilised within the standard in deciding the suitability of a given turbine to the particular urban location. It is generally accepted that with respect to turbulence, there are two components (gusting and change of direction) that affect the performance of micro wind turbines. The gusting component is currently classified by means of the longitudinal turbulence intensity as described in [23, 32] . In ascertaining the impact of the longitudinal turbulence intensity, cosine-corrected longitudinal wind speed along the mean wind direction, is employed. Here the magnitude of the longitudinal wind speed vector is corrected against the mean wind direction of the observations within the 10-minute time frame. The IEC standard specifies the requirements for an NTM. These requirements include the characteristic value of standard deviation of the longitudinal wind velocity and a means to describe the power spectral density of the longitudinal component of turbulence, in terms of turbulence intensity as it trends asymptotically at low mean wind speeds. The standard suggests stochastic models for calculating the component power spectral density that satisfy these requirements on the basis of the turbulent velocity fluctuations being assumed random with zero mean Gaussian statistics. These stochastic models are predicated on a turbulence scale parameter which adjusts the power spectral calculation in terms of the height of the hub height of the wind turbine. The standard further refers to an alternative simplified approach that employs a deterministic model, but only if the turbine response to rotationally sampled wind velocity is sufficiently well damped.
The application of the standard in its current form is challenging. Urban mean wind speeds are characteristically low and at very low wind speeds, turbulence intensity -in how it is calculated -trends asymptotically. While micro/small wind turbines are designed to commence generating at low wind speeds, there will be a lack of confidence in modelling that is entirely predicated on a Normal/Gaussian distribution of wind speed.
Furthermore, the NTM suggests that the utilisation of cosine corrected wind speeds based on mean wind directions (over the 10-minute sampling period). This implies that there will be outliers not considered as power producing.
Small Wind Generation and Turbulence Modelling
The IEC standard specifies requirements for the safety of small turbines in urban environments including design, installation, maintenance and operation. It does not present a means to determine the performance of these turbines in such turbulently saturated conditions. It is intuitively obvious that, whatever the cause, turbulence reduces the energy output from a wind turbine since turbulence dissipates energy over a larger volume (at least for an adiabatic system). It is also clear that turbulence is extremely difficult to model in a fully deterministic sense, based on the principles of fluid dynamics.
A static model (i.e. not considering the dynamic effect of the turbine yawing reaction) is described in [26] and provided in (6) . There the turbine power is considered in terms of the momentary value of wind speed during a time period T a :
where V is the average value of ) (t v (taken over T a ) and u is the gust speed. Rosen and Scheiman in [26] refer to a calculation by Christensen et al (1986) , where in analysis of power curve accuracy, they assumed that the momentary value of power is given by ) (V P S , with V being replaced by ) (t v (5) . If u is sufficiently small compared to V , an expression, for the average power output over T a can be obtained
where v is the standard deviation of the wind speed over T a which is defined as:
The model presented in [26] can be further developed into a quasi-steady approach to the problem whereas [33] presents a fully dynamic model taking into account both the turbulence and the turbine characteristics. However, in both cases, the second derivative as described in (6) will result in implausible power results in the transition from below rated power to rated power if this transition is sharp (as is the case for the majority of turbine technologies).
An alternative approach is proposed by Albers [34] in which a modification of a manufacturer's wind turbine power curve is presented. Albers' approach considers an idealised power curve with respect to the normal distribution model as utilised in [23] . More specifically, in [34] , the wind turbine power can be simulated by considering the variation of wind speed within a window of measurement (10 minutes) as following a Gaussian distribution in terms of:
where u , is wind speed (m/s), ) (u f is the wind speed distribution within the 10-minute period (Gaussian wind speeds, normally distributed about the mean) and ) ( 0 u P I , is the idealised wind turbine power curve, i.e. not inclusive of the affects of turbulence Albers' hypothesis is that if the wind speed within an observation period (10 minutes) is Gaussian distributed, it is fully determinable by the average wind speed and by the turbulence intensity (or standard deviation of wind speeds within the observation period, u TI ), based on (8).
where ) (u P is the ten minute average of measured power output and ) (u P sim is the simulated 10-minute average of measured power output according (8) Essentially, the manufacturer's power curve is 'idealised' by assuming 10% TI within the derivation of the power curve and then subsequently modified to be representative of the TI within the 10 minute observation window.
The Albers approach is the springboard from which two models are considered:
1) An adaptation of the Albers approach for small wind turbines and 2) A novel approach that utilises the Weibull distribution as an alternative to the NTM.
Methodology
The following sections detail how both models are developed in the MATLAB7 TM programming environment.
Wind Observations
Observations are made at two urban locations in Dublin, Ireland. St. Pius X National (Girls) School (SUB1), centre than SUB1 and is therefore more urbanised with a higher associated roughness length. This site is also characterised by a higher building density in comparison to SUB1. As URB1 is closer to the city centre, the buildings consist mostly of office blocks and high-rise residential buildings. Buildings in the area often reach heights of 20 m and beyond with morphological complexities located at all angles relative to the anemometer used to record the wind velocity data. SUB1 has a more consistent building morphology and the anemometer is surrounded by a relatively lower average building height that consists mostly of two-storey residential buildings and vegetation which is also at similar heights. Figure 3 , which is modified from [13] , presents a context for both sites, where detailed analysis of the wind resource in an urban environment is considered . At both sites, high-resolution wind speed measurements are taken with a Campbell Scientific CSAT3 threedimensional sonic anemometer [35] . The observations are at 10Hz at an associated resolution-between 0.5 and period is used on a moving window basis, each window consisting of 6000 samples (10 minutes at 10Hz). Data was subject to quality control: i) data are removed if the period of 10 minutes is incomplete; ii) erroneous data are removed; iii) if TI is calculated to be >100%, the TI for the observation period is set to 100% (note, this control is with respect to the turbine power modelling only; this constraint is not applicable in the discussion in section 5)
Albers Approximation
The methodology uses a manufacturer's wind turbine power curve that is modified on the basis of varying TI and wind speed so that the turbine power output for each 10 minute summary of observed TI and mean wind speed, through a 'look-up [36] and is indicative of a standard manufacturer's power curve. The specific turbine characteristic (Skystream 3.7, 2.4kW) is decomposed within MATLAB into a polynomial equation that can be applied to any set or subset of wind speeds 1 ; subject to limiting the power curve in terms of both cut-in wind speed and for wind speeds in excess of the power curve's maximum specified wind speed. The Albers approach, which quantifies the degradation of power performance of a wind turbine [34] , is thus modified so as to predict the power performance based on raw wind resource observations. Employing an approximation to the Albers' approach, the turbine characteristic can be normalised to any level of TI as illustrated in Figure 5 . The curves derived are consistent with observations [27, 28, 31] . TI=10%   TI=15%   TI=20%   TI=25%   TI=30%   TI=35%   TI=40%   TI=45%   TI=50%   TI=55%   TI=60%   TI=65%   TI=70%   TI=75% A tabulation of the turbine's turbulence modified output power for the power curve wind speed range and range of practicable TI percentages is thereby facilitated. The procedure, which is implemented in MATLAB 7 TM is presented in Figure 6 . The Albers Approximation considers turbine output and each wind speed observation window in three ways.
The average power output from the turbine is calculated based on the mean of the 6000 wind speed data-points 2 .
This average wind speed is applied to (10) and the average power is calculated. This value of turbine power is based on an ideal power curve with the implications of turbulence removed. The power curve is therefore modified (in terms of (8)) to be representative of such effects by applying a Gaussian distribution with a mean wind equal to the mean of the 6000 data-points and a standard deviation based on a speculative TI. In the absence of specifics, the turbine characteristic is modified on the basis of TI=10%. Finally, the effect of the observed TI is applied to the turbine curve (again though (8)) by employing a Gaussian distribution with a standard deviation based on observations (6000/window).These calculations, collectively contained in (9) are facilitated through one look-up table. This approach however, loses validity at lower wind speeds as negative longitudinal wind speeds (derived through the application of a Gaussian distribution in the methodology) will arise, e.g. wind speeds with a mean wind of 1m/s and a TI value of 75%. However -as will be demonstratedthe methodology is robust for higher wind speeds incorporating high TI. The question arises: Is there an optimal frequency distribution other than a normal distribution that could more accurately represent lower wind speeds?
Given the potential issues with the Albers approach at low wind speeds other probability density functions (PDF) should be considered. Archer and Jacobsonp [37] suggest that wind speed PDFs are not static in nature and that they are dependent on the surface conditions. Based on data from 1327 surface stations and 87 soundings in the U.S. for the year 2000, the PDF of wind speed with respect to turbulence and wind speed can be characterised as in Table 1 If we consider a Weibull distribution in the same context as the NTM the effects are similar at higher wind speeds to that of the normal distribution model. The fundamental difference however, is that the Weibull distribution gets progressively more logarithmic at lower mean wind speeds for higher values of TI. Figure 7 illustrates how a Weibull distribution with varying shape and scale can approximate the criteria presented in Table 1 . 
Weibull Approximation
The Weibull distribution is commonly used to describe wind and wind energy [7] [8] [9] and this function has been shown to give a good fit to measured wind speed data [38] . The Weibull distribution function is described in (11) . 
The Weibull scaling factor, c, has the same units describing wind speed; k, represents the Weibull shape parameter; i u is a particular wind speed; du is an incremental wind speed and )) ( ( du u u u P i is the probability that the wind speed is between u and ) ( du u [39] . The Rayleigh distribution is a special case of the Weibull distribution in which the shape parameter, k, has a value of 2.0. The Weibull normalized power is calculated by implementing Weibull PDFs that meet the same sample criteria for mean wind speed and TI as that measured over the observation window. An average power value is calculated based on 6000 randomly generated data-points and the modelled Weibull PDF(s) in terms of the specific turbine characteristic (Skystream 3.7). Unlike the Albers approximation, the Weibull approximation has two stages, which are summarised in Figure 7 . Multiple Weibull PDFs are created by varying shape and scale parameters. The shape factor is varied from 0.05 to 30 in 0.01 increments in conjunction with varying scale factors, from 0.05 to 15 in 0.01 increments (4.6 million PDFs). These PDFs are subsequently interrogated against practical wind speed and TI references, i.e. the best fit for a speed range from 0:25m/s (0.1m/s increments) and TI (10% to 75% in 5% increments). For each of the (4.6million) generated Weibull distributions, corresponding mean wind speed and standard deviation values are recorded. These values are formatted to a resolution of 0.1m/s wind speed and TI of 5% on the basis of best fit. The 'best fit' is achieved by method of least squares difference between the generated values and the formatted vales. A table of shape and scale parameters, in terms of mean wind speed and TI, is compiled and each entry is applied to a Weibull distribution to derive a simulated wind speed distribution. These Weibull simulated wind speed distributions are then applied to the polynomial description of the power curve. In this way, the table is enhanced to describe the turbine power in terms of a polynomial representation of the power curve, based on mean wind speed and TI. 
Results
Over a 40 day period from 4/4/2012 to 15/5/2012, 10Hz measurements are organised into 10 minute observation windows. As illustrated in Table 2 , SUB1 and URB1 respectively contained 5.0% and 7.94% of erroneous observation 'windows', Each window considers three power measurements: the Albers approximation P norm , the Weibull approximation, P weib and the average power over the window, P mean , which is calculated by considering the turbine characteristic with respect to the mean speed over the observation window. P mean , is the industry norm for data logging of power output from wind turbines. Each of these calculations are benchmarked against the absolute power, P abs , which is the average of individualised (6000) calculations of power over the observation window and represents the truest measure of generated power by the turbine. Figure 10 illustrates scattergram comparisons of the three turbine output power measurements (P mean , P norm and P weib ) with respect to P abs at URB1, (a) and SUB1, (b), respectively. An ideal comparison for either of the three calculation methodologies would give a 1:1 slope ratio (m=1) with an associated intersection and correlation of 0 and 1 respectively. This comparison shows that there is a strong correlation between the Albers (P norm ) and Weibull (P weib ) approximations to the absolute power generated over the observation window (P abs ). The average power (P mean ) at both locations is shown in general, to underestimate at lower wind speeds, whereas at higher wind speeds, there is a potential to overestimate. TI=10%   TI=15%   TI=20%   TI=25%   TI=30%   TI=35%   TI=40%   TI=45%   TI=50%   TI=55%   TI=60%   TI=65%   TI=70% TI=75% Figure 10 Scattergram comparisons of P mean , P norm and P weib with respect to P abs . For both URB1 (Figure 9(a) ) and SUB1 ( Figure 9(b) ).
The comparison presented in Figure 10 is further considered to establish if there is an underlying trend in the power prediction methodologies and whether the simulated models under or overprescribe with respect to P abs . Figure 11 presents a cumulative sum of differences that occur throughout the full set of 40 days of data with Figure 11 (a) illustrates this trend analysis for URB1 and Figure 11 (b) illustrates similar for SUB1. It is clearly evident that for both sites, P weib and P norm are virtually horizontal, with only a slight over prediction derived using P weib and under-prediction using P norm cumulatively derived over the 40 days of observations. This strongly implies that both models are consistent with the P abs measurements and are accurate with respect to representing practically, the effect of turbulence on the wind turbine. Table 2 presents the total energy (kWhr)
derived from each of the methodologies and the results are consistent with Figure 11 . If the cumulative error characteristic is considered (in terms of a relative error calculation illustrated in Table 2 ), the probability of an error being below a given kW rating for a given simulated model, Figure 12illustrates that once again the P weib model for both sites has over 90% of its error within 50W of the P abs at both sites.
(a) (b) Figure 12 The cumulative error characteristic for each of the power prediction models at both URB1 (a) and SUB1 (b), highlighting the accuracy of both models.
Finally, the mean absolute error (MAE) between the power estimation models and the absolute power over the range of observation windows is considered. The MAE is the average, over each binned wind speed, of the absolute values of the differences between P abs and the corresponding modelled power (P mean , P norm and P weib ), thereby measuring the average magnitude of the errors in each wind speed bin for each model. where P model is either P mean , P norm or P weib . Figure 13 testifies that there is significant and consistent error derived with respect to P mean . The albers and Weibull approximations (P norn and P weib ) perform reasonably well across the spectrum of wind speeds with a tendency to introduce error (<75W) at high wind speeds. It is important to note that such wind speeds would be uncharacteristic across urban environments. 
Discussion
The analysis in the preceding section has shown that Gaussian and Weibull probabilistic statistics, considered in terms of TI observations, can provide an accurate means to estimate the electrical power output of a wind turbine at both a suburban and urban location. As the analyses employed anemometry installed at specific locations representative of their respective environments, with said observations within neutral atmospheric conditions, an obvious progression would be to characterise TI in terms of surface characteristics across all types of urban location. Table 3 summarises first order estimates of d and z 0 (displacement height and surface roughness length respectively) for the urban context. These estimates are collated within different categories of cityscape (based on a combination of measurement and informed speculation) as presented by Grimmond and Oke in their work pertaining to the aerodynamic properties of urban areas, [40] . These estimates were utilised in developing a local climate zone classification system [19] , where the diversity of landscape/topography is collated as inter-classifications under the urban umbrella. Mertens [25] , further observed that TI is proportional to z 0 (4), but this equation requires z>z*, the wake diffusion height. The observations considered here are at the boundary between the RSL and ISL and as such, application of (4) to derive TI is not appropriate. Nor is it a viable approach for the majority of urban wind turbines when one considers the likely hub heights for these
technologies. An objective for further research therefore, is to define the impact on turbine power output based on urban surface roughness classification by linking it to surface roughness length. According to Table 3 , and with respect to the two locations in Dublin, SUB1 is characterised as 'Low Height and Density', whereas, URB1 is characterised as 'Medium Height and Density' and both sites have distinctive and different surface roughness lengths. Figure 14 illustrates the average filtered TI over wind speed bins for the 40 days observed at both sites. Here the TI level is filtered on the basis of wind speed and potential for spurious TI. In the event of extremely high wind speed or exceptionally low wind speeds, in the equation describing TI (equation (3)), asymptotic values are derived. In the context of this research, said occurrences are treated as anomalies.
As Metens describes in (4), higher surface roughness lengths (z 0 ), will derive a greater the level of TI . Relating TI to surface roughness requires an ability to trend TI across the spectrum of practical wind speeds. An obvious way to consider this is with respect to average TI in wind speed bins. Figure 14 (a) and (b) illustrate average TI is binned with respect to binned wind speeds for URB1 and SUB1 respectively, with average TI per wind speed bin superimposed for reference. First of all, the figure clearly illustrates that both sites have different wind speed distributions and this will affect how mean TI can be interpreted. This wind speed distribution inconsistency will bias the average TI so that above 3m/s, the average TI observed at SUB1 appears to be greater than observed at URB1, contrary to the position that at sites with increased surface roughness lengths, TI will be higher. Also, the number of observations at both sites within each wind speed bin will introduce biasing of TI averaging.
Furthermore, the proliferation of unrealistically high TI at low wind speeds (0-1m/s) as illustrated in Figure 14 will contribute to this biasing effect. These abnormalities have the effect to skew the average TI. The same can be said for any TI 'outliers' within other wind speed bins along the practicable wind speed spectrum. 
Conclusions and Future Work
It is well understood that turbulence has a detrimental mitigating effect on wind turbine productivity and that in urban environments, within complex building geometries and morphologies, turbulence will be implicit within any available wind resource. However, in a context of renewable energy and energy sustainability, combined There are two aspects to understanding turbulent wind within these environments. First of all there are the decisions pertaining to installation so that optimal performance can be achieved; hub-height with respect to proximity/influence of adjacent buildings/obstructions. Secondly an appreciation/quantification of how turbulence affects the productivity of a wind turbine is required so that installers can be informed on the basis of installation location. The latter has been the focus of this paper, with the goal of predicting turbine productivity based on turbulence intensity.
Two mathematical models have been proposed. The first, an adaptation of Albers' work [34] , and the second, employs an alternative to the Albers' Gaussian statistics approach to derive indicative TI by using the Weibull distribution. The structure of both models is similar with the exception that the Weibull approximation does not require the wind turbine characteristic, whereas the Albers approximation is based on knowledge of an accurate power curve. Both models were benchmarked using the Skystream 3.7 (2.5kW) wind turbine, which is representative of commercially available technologies in similar ranges.
Two locations within Dublin City, Ireland, characterised as sub-urban (SUB1) and urban (URB1), were is achieved by comparing the power predicting capability of both models (P norm and P weib for the Albers and
Weibull approximations respectively) against P abs , which as the average of all powers produced (in terms of the Skystream characteristic) for each wind sample over the wind observation window (10 minutes). All three power measurements are contextualised with the industry standard method of measuring power, namely, by calculating the power based on the average wind speed over the 10 minute window (P mean ). Accuracy is determined on the basis of how well the models compare to P abs .
The results confirm that both models are consistent with P abs and indeed, as illustrated in Figure 9 it is evident that over 90% of all simulated powers are within 50W of the P abs . The rating of the turbine is 2.5kW, so this would imply that 90% of readings are within 0.2% error. The Albers' approximation tends to over-predict (slightly) with the opposite outcome when using the Weibull approximation. Contrasted with the industry norm for evaluating power, it was observed that it significantly under-estimates at lower wind speeds and over estimates considerably at higher wind speeds ( Figure 7 ). Both models are observed to introduce errors with increasing wind speed, but in comparison to the industry norm, these errors are negligible whereby significant errors are produced across the spectrum of practical wind speeds ( Figure 10 ).In an energy context, the errors derived by the industry standard approach, results in an under-estimation of 24.2% and 20.5% at SUB1 and URB1 respectively (as detailed in Figure 8 and Table 2 ). The error associated with the Weibull approximation may be minimised further by reducing the dependency on random numbers and as such, is an area for future
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research. Another logical step for this research is to compare the models developed with output power observations from installed wind turbines of similar capacity to the power curve considered here.
However, there are issues with both models and in how they employ TI. TI does not facilitate chronological and time-indexed trending of the wind speed observations, where inter-variability of wind speed perpetuates turbulence. There is also a potential for unrealistic levels of TI within observations owing to gusting and occurrences of very low wind speeds. Such effects limit the practicality of the average TI as a metric, particularly if it is to be employed as a means to link a description of the urban environment (z 0 ) and average wind speed.
7

